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ABSTRACT: Attribute-graph clustering aims to divide the graph nodes into distinct clusters in an unsupervised
manner, which usually encodes the node attribute feature and the corresponding graph structure into a latent feature
space. However, traditional attribute-graph clustering methods often neglect the effect of neighbor information on
clustering, leading to suboptimal clustering results as they fail to fully leverage the rich contextual information
provided by neighboring nodes, which is crucial for capturing the intrinsic relationships between nodes and improving
clustering performance. In this paper, we propose a novel Neighbor Dual-Consistency Constrained Attribute-Graph
Clustering that leverages information from neighboring nodes in two significant aspects: neighbor feature consistency
and neighbor distribution consistency. To enhance feature consistency among nodes and their neighbors, we introduce
a neighbor contrastive loss that encourages the embeddings of nodes to be closer to those of their similar neighbors
in the feature space while pushing them further apart from dissimilar neighbors. This method helps the model better
capture local feature information. Furthermore, to ensure consistent cluster assignments between nodes and their
neighbors, we introduce a neighbor distribution consistency module, which combines structural information from the
graph with similarity of attributes to align cluster assignments between nodes and their neighbors. By integrating both
local structural information and global attribute information, our approach effectively captures comprehensive patterns
within the graph. Overall, our method demonstrates superior performance in capturing comprehensive patterns within
the graph and achieves state-of-the-art clustering results on multiple datasets.
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1 Introduction
Attribute-graph clustering has emerged as a critical area of research in recent years, spurred by the

increasing availability of graph-structured data across diverse domains, including social networks, biological
networks, and recommendation systems. The primary aim of graph clustering is to partition the nodes of a
graph into distinct groups based on their inherent similarities. Recent advances in Graph Neural Networks
(GNNs) [2,3] have significantly improved clustering performance in this field.

GNNs utilize both node features and graph connectivity to learn representations that capture complex
relationships among samples. The foundational encoder of the current graph clustering method is typically
a GNN, which is based on the homophily assumption [4]. Bo et al. [5] proposed a dual self-supervision
mechanism that integrates the auto-encoder and the graph auto-encoder into a unified framework. He

#This paper is an extension of our previously published conference paper [1]
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et al. [6] further utilized the attention-mechanism to fuse the data representations of AE and GAE. By
propagating information through the graph structure, GNN-based approaches can effectively leverage local
attribute information while simultaneously accounting for global structural patterns.

However, a notable limitation of these graph clustering methods is their inadequate consideration
of neighbor information during the clustering process. Traditional graph clustering techniques often rely
solely on node attributes or topological structures, neglecting the rich contextual information provided by
neighboring nodes. This oversight can lead to suboptimal clustering results, as the relationships between
nodes and their neighbors are critical for accurately identifying community structures within the graph.

The homophily assumption of the networks suggests that connected nodes often belong to the same
class. Neighboring nodes often exhibit similar characteristics and structural roles, and leveraging this
neighbor information allows more comprehensive graph structure information to be mined. Moreover,
incorporating neighbor information can enhance the robustness and accuracy of clustering by leveraging the
collective properties of neighboring nodes to reinforce cluster boundaries and improve the overall clustering
coherence. Hence, it is essential to develop a novel graph clustering framework that can fully leverage
neighbor information to overcome these limitations and achieve more accurate clustering results.

Motivated by this observation, we propose a graph clustering framework that emphasizes neighbor dual-
consistency by leveraging information from neighboring nodes in two critical dimensions: neighbor feature
consistency and neighbor distribution consistency. Specifically, we first construct a dual-branch network
for feature learning to integrate sample features with the graph structure. To enhance feature consistency
among nodes and their neighbors, we design a neighbor contrastive learning loss where each node and its
neighboring nodes across the two branches are treated as positive samples while other non-neighboring
nodes are considered negative samples. Additionally, to ensure consistent cluster assignments between nodes
and their neighbors, we introduce a neighbor distribution consistency strategy that combines structural
information from the graph with attribute similarity to align cluster assignments effectively. By integrating
both local structural information and global attribute data, our approach captures comprehensive patterns
within the graph. The experimental results verify the effectiveness of the proposed model and the ablation
experiments test the importance of each component.

The main contributions of this paper can be primarily summarized in three key aspects:

• We design a feature learning module which integrates graph structure information into node rep-
resentations and alleviates the over-smoothing problem of GNN by supplementing AE information
layer-by-layer.

• We introduce a neighbor feature consistency module leveraging a contrastive loss based on a dual-branch
network to enhance feature consistency among nodes and their neighbors, which helps the model better
capture local feature information.

• We introduce a neighbor distribution consistency module to ensure consistent cluster assignments
between nodes and their neighbors, effectively combining local structural information and global
attribute information.

The rest of this paper is structured as follows. Section 2 provides a concise review of related works in the
field of graph clustering model. In Section 3, we present an elaborate description of the proposed neighbor-
based graph clustering model. In Section 4, the experimental results are reported and analyzed in detail.
Finally, the main contributions are concluded in Section 5.
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2 Related Work
In this section, we review several related works about deep graph clustering and contrastive graph clus-

tering.

2.1 Deep Graph Clustering
Kipf and Welling [7] pioneered the integration of variational auto-encoders into the graph domain,

combining graph structure with node attributes through a graph convolutional encoder and an inner
product decoder. Pan et al. [8] proposed an adversarially regularized framework based on Graph Auto-
Encoders (GAE), which ensures that the latent representation aligns with a prior distribution. Wang et al. [9]
introduced a graph attention auto-encoder framework designed to unify structural and attribute information
in a goal-directed manner. Park et al. [10] developed a symmetric graph convolutional auto-encoder utilizing
Laplacian sharpening. Zhang et al. [11] proposed an adaptive graph convolution method to capture clustering
information and dynamically determine the order for different graphs.

More recently, Bo et al. [5] unified Auto-Encoders (AE) and Graph Convolutional Networks (GCN)
through a delivery operator and a dual self-supervised mechanism. Tu et al. [12] introduced an information
fusion module to integrate structural and attribute information, coupled with a triplet self-supervision strat-
egy to generate target distributions. Cheng et al. [13] exploited graph neural network for multi-view attribute
graph clustering to map graph embedding features and learn view-consistency information. Xia et al. [14]
used the clustering labels to guide the network learning and connect clustering and representation learning
seamlessly to improve clustering performance. He et al. [6] further utilized the attention-mechanism to fuse
the data representations of AE and GAE. In addition, there are currently some research efforts focusing on
semi-supervised graph clustering [15].

2.2 Contrastive Graph Clustering
Recent advances in contrastive learning have demonstrated its effectiveness in learning discriminative

representations by maximizing agreement among similar samples while minimizing agreement among
dissimilar ones. This paradigm leverages meaningful relationships between samples to derive supervisory
signals, leading to more robust representations.

Several studies have applied contrastive learning to graph-structured data. Hassani and Ahmadi [16]
introduced a self-supervised approach for learning node and graph-level representations by contrasting
different structural views of graphs. Liu et al. [17] utilized contrastive learning to improve topological
alignment through a self-enhanced learning objective, optimizing graph structures in the process. To
mitigate sampling bias, Zhao et al. [18] developed a debiasing contrastive framework that jointly performs
representation learning and clustering.

Further refinements have focused on sample selection strategies. Park et al. [19] proposed a multi-
level framework that carefully selects positive and negative samples to capture hierarchical community
structures and network homophily. Xia et al. [20] introduced a self-consistent contrastive loss based on
imprecise clustering labels to enhance node representation quality. More recently, Liu et al. [21] designed
a neighbor-oriented contrastive loss to strengthen the discriminative power of graph neural networks. Xu
et al. [22] presented a global and local topology-aware contrastive graph clustering network for attributed
graph clustering. Liu et al. [23] proposed a novel contrastive-learning-based method termed IDCRN to solve
the representation collapse problem in the existing deep graph clustering methods.
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Although these contrastive learning-based methods have shown promising results in graph clustering,
they still have limitations in fully capturing neighbor information and integrating it with attribute and
structure information for more comprehensive clustering.

3 The Proposed Model
In this section, we propose a novel neighbor dual-consistency constrained attribute-graph clustering

model. The architecture flowchart is shown in Fig. 1. The proposed model comprises three principal
components:

• The Feature Learning Module (FL) considers both attribute and structural information by employing
attribute auto-encoder, graph auto-encoder.

• The Neighbor Feature Consistency Module (NF) maximizes the similarity between the target node and
its neighbors so as to enhance their feature consistency.

• The Neighbor Distribution Consistency Module (ND) maximizes the similarity of distribution
between the target node and its neighbors considering both structure and attribute information to ensure
consistent cluster assignment of them.

Figure 1: The framework of the proposed neighbor consistency constrained graph clustering. It contains three main
modules: Feature learning module, Neighbor feature consistency module, Neighbor distribution consistency module.
Among Neighbor distribution consistency module, the inconsistency matrix S measures how inconsistent a node’s
clustering assignment is with respect to its neighbors. And the combined similarity matrix A⊙ (Y +R) integrates the
graph structure and attribute similarities

3.1 Notations and Preliminaries
Before introducing the proposed model, it is essential to define some necessary symbols. Given a set of

samples X ∈ RN×F , the corresponding undirected graph G = {V, E} is constructed, where V = ∈ RN×F and
E respectively represent the node set and the edge set. Here, N and F mean the number of samples and the
feature dimension. In the context of the undirected graph G, we build the adjacency matrix A ∈ RN×N , where
ai j = 1 if there exists a connection between the i-th and j-th nodes; otherwise, ai j = 0. The corresponding
degree matrix is D = diag(d1 , d2, ⋅ ⋅ ⋅ , dN) ∈ RN×N , where di = ∑v j∈Nvi

ai j and Nvi denotes the neighbors of
node vi . The normalized adjacency matrix Ã ∈ RN×N is formulated by D− 1

2 (A + I)D− 1
2 , where I ∈ RN×N is

the identity matrix.
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3.2 Feature Learning Module
To comprehensively capture both structural and attribute information, we build a dual-branch network

for feature learning. This network comprises a text encoder and a graph encoder, working in tandem to
mitigate the over-smoothing issue commonly associated with graph neural network by supplementing text
encoder information layer-by-layer.

3.2.1 Attribute Encoder
We first exploit a full-connected auto-encoder ΦT(⋅) to extract the node attribute information h(l)

i as
follows,

h(l)
i = ΦT(h(l−1)

i ; θT), (1)

where the input data of the initial layer is h(0)i = xi and the network parameter is θT .
To preserve the original feature information in the latent representations as much as possible, we

establish a reconstruction loss Lre as follows,

Lre =
1

2N
∥X̂ −X∥2

F , (2)

where the corresponding reconstructed representation of the i-th sample is x̂i = h(L)i .

3.2.2 Graph Encoder

To effectively harness the graph structure information, we integrate the feature data h(l−1)
i derived from

the attribute encoder with the structural data z(l−1)
i progressively layer-by-layer as follows,

f(l)
i = εh(l)

i + (1− ε)z(l−1)
i , (3)

where ε balances the importance between feature information and structural information. Besides,
z(0)i = ΦG(xi ; θG).

Then, the latent representation of the (l − 1)-th graph encoder layer is,

z(l)
i = ΦG(f(l)

i ; θG), (4)

where ΦG and θG respectively denote the graph auto-encoder and the corresponding network parameters.
Similarly, a graph decoder is designed to reconstruct the graph data ẑ i = z(L)i to preserve the structure

information as much as possible,

Lr ge =
1

2N
∥ÃX − Ẑ∥2

F . (5)

In conclusion, the objective function of the feature learning module can be summarized as follows,

L f l = Lre + αLr ge , (6)

where α is a weight parameter.
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3.3 Neighbor Feature Consistency Module
It is well known that the characteristics of a target node should be similar to those of its neighbors, due

to the inherent homophilic nature of the graph. To take advantage of this property, we propose a neighbor
contrastive learning module which aims to ensure that the feature distributions of target nodes and their
neighbors remain consistent, improving the quality of node embeddings learned by the model.

Specifically, for the target node in the attribute encoder branch, we treat its neighboring nodes, the
corresponding nodes, and the neighbors in the graph encoder branch as positive samples, while treating
nodes that are not directly connected to the target node as negative samples. That is, the number of positive
pairs should be (2 ∣Ni ∣ + 1), where Ni is the number of neighbors of vi . The contrastive learning framework
aims to maximize the similarity between the target node and its positive samples, while simultaneously
minimizing the similarity to negative samples, formulated as,

� (h i) = − log
(eθ(h i ,z i)/τ +∑v j∈Ni (eθ(h i ,h j)/τ + eθ(h i ,z j)/τ)) / (2 ∣Ni ∣ + 1)

eθ(h i ,z i)/τ +∑ j≠i (eθ(h i ,h j)/τ + eθ(h i ,z j)/τ)
(7)

where τ is a temperature parameter, and θ denotes a similarity measure, and here we use inner product.
Since two branches are symmetric, for the target node in the grapg encoder branch, the neighbor

contrastive loss � (z i) can be similarly defined accrding to Eq. (7). The final neighbor contrastive loss is
formulated as,

Ln f = � (H , Z) = 1
2N

N
∑
i=1
[� (h i) + � (z i)] (8)

By enforcing this contrastive learning objective, we promote feature consistency between the target node
and its neighbors in both attribute and graph encoder representations. This strategy effectively leverages the
graph structure to improve the robustness and quality of node embeddings, leading to better generalization
in downstream tasks.

3.4 Neighbor Distribution Consistency Module
Based on the homophily assumption, which posits that connected nodes often belong to the same class,

we introduce a neighbor distribution consistency module to enforce alignment between the distributions of
target nodes and their neighbors. By constraining the neighbor distributions to be consistent, we effectively
exploit the local structure of the data, thereby enhancing the robustness of our model against noise and
ensuring that similar instances exhibit coherent behavior.

To facilitate this alignment, we first perform K-means on the compact representations h(L) learned from
AE to generate initial cluster centroids {μ f }k

f=1 and obtain an initial distribution Q. Student’s t-distribution
serves as the kernel function to measure the similarity between the i-th learned data representation hi and
the f -th cluster centroid μ f . The probability qi f that assigns the i-th sample to the f -th cluster is expressed
as,

qi f =
(1 + ∥hi − μ f ∥2)−1

∑k(1 + ∥hi − μk∥2)−1 . (9)
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Then we normalize Q to enhance numerical stability and distinguishable,

Ui f =
exp (Qi f )
∑ f exp (Qi f )

(10)

After obtaining U, we would like to improve the consistency of cluster assignment between the target
node and its neighbors through U,

Lnd =min
U

Tr (UTS) − 1
2

Tr (UT(A⊙ (Y +R))U) + φ
2
∥U∥2

F . (11)

In the first term of Lnd , the matrix S is an n × k matrix, where n is the number of nodes in the graph
and k is the number of clusters. Each element Si f of S represents the inconsistency of node vi with respect
to cluster C f based on its neighbors’ clustering assignments. Specifically, Si f is computed as,

Si f =
n
∑
j=1

k
∑

g=1, g≠ f
Ai jU j g , (12)

which accumulates the membership values of node vi ’s neighbors to clusters other than C f , thus quantifying
the inconsistency of node vi with respect to cluster C f . By minimizing this term, the model is encouraged to
reduce the inconsistency through penalizing nodes that have inconsistent clustering assignments compared
to their neighbors.

In the second term, the element-wise multiplication A⊙ (Y +R) serves as a crucial component to
integrate both the structural connectivity of the graph and the attribute similarities between nodes. Here, A
denotes the adjacency matrix of the graph, capturing the direct connections between nodes. The matrix Y
is a universal matrix, often set as the identity matrix, which provides a baseline structural importance for
each node. Meanwhile, R represents the attribute similarity matrix, where each element Ri j = sim(xi , x j)
measures similarity between vi and v j in terms of their attribute information. By summing Y and R, we obtain
a matrix that combines the inherent structural importance and attribute similarities of nodes. The element-
wise multiplication with A ensures that this combined importance is only considered between nodes that
are directly connected in the graph. This operation effectively highlights the significance of both structural
and attribute-based relationships between neighboring nodes, making it a powerful tool for guiding the
optimization process in our clustering model.

The regularization term (controlled by hyperparameter φ) prevents overfitting by constraining the
Frobenius norm of U.

Collectively, these components work together to foster cohesive neighborhood distributions around
target nodes considering both local structure information and global attribute information.

3.5 The Overall Objective Function
Upon finalizing the primary network architecture, we develop the self-supervised clustering loss to

enhance the reliability of the guidance provided to the clustering network.
To achieve a target distribution that emphasizes data points assigned with high confidence, we square

and normalize the element qi j with matrix Q, thereby deriving the target distribution P as outlined below,

pi j =
q2

i j/ f j

∑c q2
i c/ fc

, (13)
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where f j = ∑i qi j denotes the soft cluster frequency, which takes the sum for each column of Q.
Then, we minimize the Kullback-Leibler divergence loss between distributions Q and P, ensuring that

the soft distribution Q aligns with the target distribution P,

Lpq = KL(P ∥ Q) =
N
∑
i=1

K
∑
j=1

pi j log(
pi j

qi j
). (14)

Similarly, we learn the final cluster assignment C from the latent representations Z(L) learned by the
graph encoder, then minimizing the KL divergence between P and C as follows,

Lpc = KL(P ∥ C) =
N
∑
i=1

K
∑
j=1

pi j log(
pi j

ci j
) . (15)

In summary, the overall loss function of the proposed module is summarized as,

L = L f l + λ1Ln f + λ2Lnd + λ3Lpq + λ4Lpc , (16)

where λ1, λ2, λ3 and λ4 balance the importance of different modules.
The whole optimization process is summarized in Algorithm 1.

Algorithm 1: Neighbor dual-consistency constrained attribute-graph clustering

Input: The raw data X, the normalized adjacency matrix Ã, the cluster number K, and the iteration number
epoch.
Output: The clustering result C.
1: Pre-training the AE module by minimizing the Eq. (2);
2: Randomly initializing the weight and bias parameters of the graph encoder;
3: Initialing μ with K-means on the data representation learned by the text encoder;
4: for i = 1 to epoch do
5: Generating the data representation {h(1)i , ⋅ ⋅ ⋅ , h(L)i } by Eq. (1);
6: Calculating the soft distribution Q of representations learned from the text encoder by Eq. (9);
7: Calculate the target distribution P on the basis of Q by Eq. (13);
8: for l = 1 to L do
9: Generating f(l)

i with ε= 0.5 by Eq. (3);
10: Generating the data representation z(l)

i of the next graph encoder layer by Eq. (4);
11: end for
12: Normalizing Q to obtain U by Eq. (10);
13: Calculating the inconsistency degree matrix S by Eq. (12);
14: Feeding h(l)

i to the attribute decoder to obtain the reconstructed attributes X̂;
15: Feeding z(l)

i to the graph decoder to reconstruct the graph;
16: Calculating Lre, Lrge, Lnf , Lnd, Lpq, Lpc, by Eqs. (2), (5), (8), (11), (14), (15), respectively.
17: Updating the entire network by minimizing Eq. (16);
18: end for
19: Obtaining the final clustering result C.
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3.6 The Complexity Computation
The major time-consuming burdens of the proposed method lie in four major modules:

• In the feature learning module, the time complexity of the attribute encoder isO(N(d1d2 + d2d3 + ⋅ ⋅ ⋅ +
dL−1dL)), and the time complexity of the graph encoder is O(N2d1 + Nd1d2 + Nd2d3 + ⋅ ⋅ ⋅ + dL−1dL))
due to the use of sparse matrix multiplication;

• In the neighbor feature consistency module, the time complexity is O(N(∣N ∣ + 1)dL) due to the
similarity calculation, where ∣N ∣ is the average number of neighbors per node;

Overall, the aggregated complexity of the proposed method is about O(N∑L
i=1 di di+1 + N2d1 + NdL).

4 Experiments

4.1 Experiment Setup
4.1.1 Datasets

We assess the effectiveness of the proposed model across three prominent graph datasets. The statistical
details of the three datasets employed are presented in Table 1.

• ACM1 is a paper network dataset collecting papers published in KDD, SIGMOD, SIGCOMM, Mobi-
COMM, which is divided into three classes: database, wireless communication and data mining. A
heterogeneous graph is constructed, which comprises 3025 papers, 5835 authors and 56 subjects.

• DBLP [24] is an author network dataset that contains 4058 authors and is divided into four classes:
database, data mining, machine learning and information retrieval.

• CITE2 is a citation network dataset that contains 3327 articles and is divided into six categories: agents,
artificial intelligence, database, information retrieval, machine language and HCI.

Table 1: The statistics of three datasets

Dataset Samples Classes Dimention
DBLP 4058 4 334
ACM 3025 3 1870
CITE 3327 6 3703

4.1.2 Baseline Methods
Seven classic graph clustering methods are chosen as comparison method.

• K-means [25]: A traditional clustering method directly implements the clustering task on the raw data.
• AE [26]: An auto-encoder-based clustering method performs K-means on the latent representation

learned from an AE module.
• IDEC [27]: An auto-encoder-based clustering method combines the clustering loss with the AE loss for

the better representation learning.
• GAE [7]: An unsupervised GCN-based clustering method replaces the decoder of AE with a graph

decoder to learn the data representation.
• DAEGC [9]: A GCN-based clustering method adds a graph attention network for the data representation

learning and adds a clustering loss to supervise the clustering process.

1https://dl.acm.org/ (accessed on 23 July 2025).
2https://csxstatic.ist.psu.edu/downloads/data (accessed on 23 July 2025).

https://dl.acm.org/
https://csxstatic.ist.psu.edu/downloads/data
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• SDCN [5]: A hybrid clustering method transfers the data representation learned by auto-encoder
layers to corresponding GCN layers, and designs a dual self-supervised mechanism to integrate two
sub-networks into a unified framework.

• CaEGCN [28]: A hybrid clustering method uses attention-mechanism to fuse the data representations
of AE and GAE.

• ICCSM [1]: A hybrid clustering method designs information correlation co-supervision loss to supervise
the correlation of node representations learned by AE and GAE.

4.1.3 Implementation and Detail Settings
For the proposed model, we set the dimension of attribute encoder and graph encoder parts to F − 500 −

500 − 2000 − 10, where F is the dimension of input data. Besides, we set the hyper-parameters λ1, λ2, λ3 and
λ4 of the CITE dataset to {0.001, 10, 0.1, 0.01}, respectively, and set other datasets to {0.001, 0.001, 0.1, 0.01}.
We train the proposed model with 300 epochs for all datasets. Finally, the learning rate is set to 10−3 for ACM
and DBLP, and 10−4 for CITE. For other compared methods, we set the parameter following the setting in
the original papers.

All experiments are conducted within the PyTorch 2.3.1 and CUDA 12.0 environment, utilizing a
workstation equipped with an NVIDIA vGPU and an 12 vCPU Intel Xeon Platinum 8352V CPU. The code
is available: https://github.com/tiantianbjut (accessed on 23 July 2025).

4.1.4 Evaluation Metrics
We evaluate the clustering performance by four commonly-used metrics: Accuracy (ACC), Normalized

Mutual Information (NMI), Average Rand Index (ARI) and macro F1 score (F1). For each metric, the higher
scores signify better clustering performance.

4.2 Analysis of Clustering Results
Table 2 summarizes the clustering performance results of all methods on three datasets. According to

these results, we have the following analysis:

• The proposed model significantly improves the clustering performance compared with other methods.
This enhancement verifies that it is necessary to restrict the consistency of neighbor characteristics and
distribution. Specifically, constraining neighbor feature consistency ensures that connected nodes are
represented closely in the embedding space, thereby enhancing local feature coherence and improving
the model’s ability to capture fine-grained patterns within the graph. Meanwhile, enforcing neighbor
distribution consistency aligns the cluster assignments of neighboring nodes, leveraging the graph’s
structural information to produce more coherent and meaningful clusterings that reflect the inherent
organization of the data.

• Both AE-based and GCN-based clustering methods demonstrate suboptimal performance compared
to hybrid clustering methods. This is because these methods consider only attribute information or
structure information individually, rather than integrating both.

• Compared with other hybrid clustering methods, our proposed model takes the neighbor information
into account and captures comprehensive patterns within the graph, which effectively improves the
clustering performance.

https://github.com/tiantianbjut
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Table 2: Clustering results on all three datasets. We mark the best-performing and the second-best-performing results
by bolded and underlined font

Dataset Metric K-means AE IDEC GAE DAEGC SDCN CaEGCN ICCSM FC

DBLP

ACC 0.3825 0.5760 0.5733 0.5825 0.6261 0.6712 0.6823 0.7165 0.7486
NMI 0.1166 0.2282 0.2665 0.2331 0.2680 0.3175 0.3388 0.3975 0.4194
ARI 0.0677 0.2168 0.2419 0.2362 0.2696 0.3366 0.3617 0.4230 0.4538
F1 0.3148 0.5604 0.4737 0.5286 0.6270 0.6634 0.6669 0.7087 0.7375

ACM

ACC 0.6638 0.8612 0.8638 0.8043 0.8747 0.8757 0.9012 0.9107 0.9127
NMI 0.3278 0.5551 0.5757 0.4728 0.6170 0.6089 0.6703 0.6959 0.7006
ARI 0.2999 0.6277 0.6387 0.5107 0.6687 0.6649 0.7300 0.7537 0.7591
F1 0.6661 0.8617 0.8628 0.8046 0.8728 0.8749 0.9009 0.9109 0.9129

CITE

ACC 0.3451 0.5912 0.6032 0.5882 0.6561 0.6459 0.6802 0.6844 0.6964
NMI 0.1319 0.3069 0.3307 0.3203 0.3625 0.3797 0.4000 0.4115 0.4329
ARI 0.0841 0.3136 0.3369 0.3001 0.3851 0.3691 0.4240 0.4158 0.4366
F1 0.3184 0.5488 0.5668 0.5470 0.5872 0.5997 0.6138 0.5926 0.6041

4.3 Analysis of Ablation Experiment
The proposed model performance relies on two key modules, i.e., neighbor contrastive learning module

and neighbor distribution consistency module. To assess the effectiveness of these modules, we conduct a set
of ablation experiments to test the effectiveness of these two modules. The experimental results are presented
in Table 3. These experiments help isolate the contribution of each module to the overall model performance,
providing insights into their respective impacts on clustering performance.

• In the ablation study, BL (Baseline) represents the core setup, which includes a feature learning module
combined with a self-supervised clustering mechanism.

• NF is the neighbor feature consistency module.
• ND is the neighbor distribution consistency module.

Observing the experimental results, we note that BL+NF+ND performs higher than others, indicating
the effectiveness of the proposed components. We analyze these components from the following three
aspects:

• BL+NF obtains considerable improvements compared to BL. This outcome demonstrates that the NF
module effectively captures local structure of the graph, ensuring that nodes with similar features are
grouped together, which is essential for accurate clustering.

• BL+ND shows significant improvement compared to BL. By aligning the cluster assignments of neigh-
boring nodes, the ND module effectively captures the global structure of the graph, leading to more
meaningful and accurate cluster assignments.

• BL+NF+ND reaches the highest performance on all evaluation metrics, because these modules provide
a comprehensive approach to graph clustering, leveraging both local feature information and global
attribute and structural information to achieve superior performance.

Table 3: Ablation experimental results on all three datasets. We mark the best-performing results by bolded font

Dataset Metric BL BL+NF BL+ND BL+NF+ND

DBLP

ACC 0.7074 0.7286 0.7266 0.7488
NMI 0.3693 0.3854 0.3892 0.4194
ARI 0.3831 0.4237 0.4189 0.4538

(Continued)
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Table 3 (continued)

Dataset Metric BL BL+NF BL+ND BL+NF+ND
F1 0.7026 0.7194 0.7191 0.7375

ACM

ACC 0.8992 0.9071 0.9094 0.9127
NMI 0.6692 0.6831 0.6926 0.7006
ARI 0.7257 0.7422 0.7509 0.7591
F1 0.8992 0.9067 0.9095 0.9129

CITE

ACC 0.6757 0.6841 0.6955 0.6964
NMI 0.4023 0.4122 0.4328 0.4329
ARI 0.4169 0.4241 0.4351 0.4366
F1 0.6081 0.6069 0.6035 0.6041

4.4 Analysis of Hyper-Parameters
The hyper-parameters λ1 , λ2, λ3 and λ4 are designed to balance the influence of different loss compo-

nents in Eq. (16). We use grid search to evaluate their effects. Specifically, we methodically adjust a single
hyper-parameter within the set {0.001, 0.01, 0.1, 1, 10} on DBLP, while maintaining the remaining three
hyper-parameters at their fixed values. As shown in Fig. 2, the proposed model achieves the best clustering
performance when {λ1 , λ2, λ3, λ4} = {0.001, 0.001, 0.1, 0.01}.

Figure 2: Clustering performance with different λ1 , λ2 , λ3 , λ4 in the domain {0.001, 0.01, 0.1, 1, 10} on subCora,
respectively
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5 Conclusion
In this paper, we propose a novel neighbor dual-consistency constrained attribute-graph clustering

model that consists of a feature learning module, a neighbor feature consistency module and a neighbor
distribution consistency module. The feature learning module extracts the origin feature representations
considering both attribute and structure information. The neighbor feature consistency module effectively
leverages a contrastive loss to enhance feature consistency among nodes and their neighbors. The neighbor
distribution consistency module ensures consistent cluster assignments between nodes and their neigh-
bor. The experiment results on three public datasets verify the effectiveness of the proposed model. In
addition, the ablation experiment and parameter analysis comprehensively prove the superiority of the
proposed model.
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